Background: Studying the effects of medications on endpoints in an observational setting is an important yet challenging problem due to confounding by indication. The purpose of this study is to describe methodology for estimating such effects while including prevalent medication users. These techniques are illustrated in models relating statin use to cardiovascular disease (CVD) in a large multi-ethnic cohort study. Methods: The Multi-Ethnic Study of Atherosclerosis (MESA) includes 6814 participants aged 45-84 years free of CVD. Confounding by indication was mitigated using a two step approach: First, the untreated values of cholesterol were treated as missing data and the values imputed as a function of the observed treated value, dose and type of medication, and participant characteristics. Second, we construct a propensity-score modeling the probability of medication initiation as a function of measured covariates and estimated pre-treatment cholesterol value. The effect of statins on CVD endpoints were assessed using weighted Cox proportional hazard models using inverse probability weights based on the propensity score.
Background
Randomized controlled clinical trials (RCTs) are a common and useful way to study the effects of medications on outcomes. Randomization ensures that participants receiving different treatments are comparable. However, randomized trials cannot address every possible question of interest. Observational studies often have different endpoints (e.g. advanced magnetic resonance imaging of heart size and function) that may not have been studied in an RCT, longer follow-up, unique populations, or some other inherent practical advantage for examining certain associations. This leads to the challenge of studying medication effects on endpoints in the observational setting, where issues of confounding by indication are challenging to deal with. Participants that receive the medication in practice differ systematically from those who do not in terms of outcome risk factors. In the case of statins, a widely prescribed cholesterol lowering medication [1] , treated participants would on average be those with higher underlying cholesterol levels and greater cardiovascular risk factor burden.
An approach to this issue is to use a "new-user" design, whereby prevalent users of medications at baseline are excluded. The new-user design has important advantages such as eliminating bias from time-varying hazards that arise when including prevalent users. Additionally, the newuser design allows the pre-treatment participant characteristics to be used in the analysis to control for confounding [2] . However, there are several situations where it is advantageous or even necessary, to include prevalent users in the analysis. For example, the number of participants taking medication already may be very large, and exclusion of this subset may be prohibitive in terms of sample size and power. Another example is the situation where the endpoint of interest is only measured at one exam, often the baseline exam, and a cross-sectional analysis including prevalent users is the only choice.
A common technique to deal with confounding by indication in observational studies is to use a propensity score. Propensity scoring is a method of obtaining a summary score that can be used to control for a collection of confounding variables in a study [3] . A propensity score for a particular exposure is the conditional probability that a person will be exposed given a set of observed covariates. In principle, the effect of the exposure can then be measured among participants who have the same predicted propensity of treatment, thus controlling for the confounding [4] . This has been shown to be effective at reducing indication bias in other observational studies [5] .
An assumption of the propensity score approach is that all confounding variables (influencing both the exposure and the outcome) have been measured. In the setting of an observational cohort study this is a problematic assumption when using exposure at study baseline. The underlying value of the biomarker (e.g. cholesterol) is often a primary determinant of exposure (e.g. statins), and for those exposed (e.g. taking statins) the underlying value is not measured. Thus, the propensity score will not correctly eliminate confounding due to the biomarker. To deal with this issue, we consider the underlying pre-treatment cholesterol levels from the subset of participants on lipidlowering medications at baseline as "missing" data, then following the techniques by McClelland et al. [6] , impute the pre-treatment cholesterol levels as a function of observed on-treatment cholesterol levels, medication type, and dose. Multiple imputation techniques are used to incorporate the variability induced by the estimation. The treated cholesterol values are then replaced with the imputed pre-treatment cholesterol values for those on lipid-lowering medication. The propensity score is estimated using this new cholesterol variable, in addition to other covariates. This modified propensity score is then used to reduce the indication bias in a Cox proportional hazard model for time to incident cardiovascular disease (CVD) endpoints where time starts at entry into the study and where participants are free of CVD at entry. This is an example where the effects of statins have been extensively studied in numerous RCTs.
Methods
The Multi-Ethnic Study of Atherosclerosis (MESA) data MESA is a prospective cohort study of the prevalence, risk factors and progression of subclinical cardiovascular disease in a multi-ethnic community-based cohort. The study includes 6814 participants with no known CVD at baseline, aged 45-84 years who identified themselves as White, African-American, Hispanic, or Chinese recruited from six United States communities between 2000 and 2002. The communities were Forsyth County, North Carolina; Northern Manhattan and the Bronx, New York; Baltimore City and Baltimore County, Maryland; St. Paul, Minnesota; Chicago, Illinois; and Los Angeles County, California. Each site recruited an approximately equal number of men and women, according to pre-specified age and race/ethnicity proportions. All participants gave informed consent. Details of the sampling, recruitment, and data collection have been reported elsewhere [7] . Blood lipid measurements were obtained following an overnight fast. Low-density lipoprotein (LDL) cholesterol was calculated in plasma specimens having a triglyceride value of <400 mg/dL using the formula of Friedewald et al. [8] . Medication use was determined by a questionnaire. The participant was asked to bring to the clinic containers for all medications used during the two weeks prior to the visit. The interviewer then recorded the name of each medication, the prescribed dose, and frequency of administration from the containers. MESA is an ongoing, multi-faceted study, with results spanning many areas of research.
CVD was ascertained at intervals of 9-12 months by a telephone interviewer who contacted each participant to inquire about interim hospital admissions and cardiovascular outpatient diagnoses. Trained personnel abstracted medical records suggesting possible cardiovascular events, and two physicians independently classified the events. The endpoints included in this analysis were incident hard coronary heart disease (CHD) and incident hard CVD. Hard CHD is defined as definite or probably myocardial infarction (MI) or CHD death. Hard CVD is defined as hard CHD or stroke. Definite or probable MI required either abnormal cardiac biomarkers; evolving Q waves; or a combination of chest pain, characteristic ECG changes, and abnormal biomarker levels. Fatal CHD required a documented MI within 28 days of death, chest pain within 72 hours of death, or a history of CHD without a known non-cardiac cause of death.
Imputation model
The first step in the imputation process is to identify a subset of participants that have both pre-and posttreatment (lipid-lowering medication) measurements of cholesterol. These are the participants who are not on lipid-lowering medication at baseline and then go on to start medications at subsequent visits. We refer to this subset as the new-user cohort and there are N = 1286 participants that qualify. The new-user cohort is used to establish a linear regression relationship between pretreatment cholesterol values and post-treated cholesterol values, medication data and relevant participant characteristics. The variables ultimately chosen for this regression model are then used to impute pre-treatment cholesterol levels for participants on lipid-lowering medication at baseline. Note that unlike traditional missing data imputation approaches (in which the missing cholesterol of those on treatment would be imputed based on the observed cholesterols of other participants at the same exam who were untreated), we are using an independent subset of newusers with pre-and post-treatment values to develop the imputation model. In the absence of such a subset, one could use medication effects reported in the metaanalysis literature to estimate pre-treatment values [6] .
Post-treatment cholesterol is important in explaining the variability of the pre-treated cholesterol. In addition, other participant characteristics such as age, gender, race/ ethnicity and risk factors, and the medication type and dose are also important. This analysis is principally interested in the relationship of statins with CVD as they were the most commonly prescribed lipid-lowering medication in this population. We observed use of six types: atorvastatin, fluvastatin, lovastatin, pravastatin, simvastatin, and rosuvastatin. Other, non-statin, drugs with lipid modifying effects were used as covariates to impute underlying cholesterol levels. The non-statin group was categorized into 4 subclasses, resins, fibrates, niacin, and ezetimibe. Indicator variables were created for each type of statin and for each of the subclasses of non-statins. Participants on multiple medications and those taking combination medications were assigned indicators for each medication. Medication dosage was acquired from the prescribed dose (in milligrams) written on the medication containers, and medication indicators were assigned a value from 0-2 where 0 = not on drug, 1 = on drug, low dose, and 2 = on drug, high dose. Those prescribed ≥40 mg per day of a given statin (or ≥20 mg per day of atorvastatin) were considered to be on high dose. When the high dose group had less than 10 participants it was collapsed down to a binary yes/no variable.
From the full MESA cohort (6814) there were 1086 participants (16%) on lipid-lowering medications at baseline. We refer to this group as the baseline-user cohort and they are the ones for which pre-treatment cholesterol will be imputed. In order for the imputation to be carried out easily using existing software, the new-user and baseline-user cohort data were stacked as illustrated in Table 1 . All the pre-treated cholesterol levels will be missing for the baseline-user cohort while the new-user cohort will have all non-missing data, corresponding to the observed cholesterol at the exam before they commenced taking a lipid-lowering medication. Note that we are stacking data from different exams for convenience, since they all represent pre-treatment values. Similarly, the post-treatment values and covariates are stacked, and the new-user observations correspond to the exam immediately after starting lipid lowering medication. For the baseline-user cohort the post-treatment value is always present and is their observed cholesterol at baseline, and covariates are also all taken from baseline. Standard imputation commands can then be used to generate the imputations. Once the imputations are constructed, we [9] as implemented and described by Royston [10, 11] are used to incorporate the extra variability induced from the imputation. Essentially, rather than impute one single pre-treatment cholesterol level for participants on lipid-lowering medication we generate 10. For each realization, the corresponding set of complete data is analyzed in a standard manner and the results are pooled using a set of rules proposed by Rubin [12] . The imputation method regresses pre-treated cholesterol with post-treated cholesterol and specified covariates and then random draws are taken from the conditional distribution of the missing cholesterol variable given the posttreated cholesterol and covariates. McClelland et al. [6] showed that this multiple imputation technique yields more realistic parameter estimates than other traditional approaches to missing data. Imputation is performed with Stata 11.2 using the ice (imputation by chained equations) routine written by Royston [11] .
An assumption in multiple imputations is that of missing at random (MAR) [13] . Essentially, MAR means the probability of missingness may depend on the data that was observed but not on data values that are missing [14] . In our case the missingness in pre-treated cholesterol was predetermined based on whether or not that participant was on lipid-lowering medication at baseline.
Propensity score model
The propensity score is obtained from a logistic regression model and is the conditional probability of being on treatment given a set of covariates: e(X) = Pr(Y = 1|X), where X = cholesterol, clinic site, age, gender, race/ethnicity, body mass index, systolic and diastolic blood pressures, heart rate, hypertension status, hypertension medication use, smoking status, pack-years of cigarette smoking, alcohol use, family history of MI, diabetes, education, income, health insurance, marital status, general health, depression, intentional exercise, coronary artery calcification (CAC), common and internal carotid intimal-medial thickness (IMT), creatinine, fibrinogen, and high sensitivity C-reactive protein (hs-CRP). CAC and IMT were natural log transformed and continuous variables were centered about their means. Estimated propensity scores were created for each of the 10 imputations. For comparison, a propensity score was also created following a new-user design [2] where prevalent users at exam 1 are excluded and the propensity is based on those who start statins at exam 2.
Stabilized inverse probability of treatment weights (SW) were created for each of the propensity scores to be used in the weighted regression models. Inverse probability weighting can be used to estimate the exposure effects by appropriately adjusting for confounding and selection bias [15] . The weighting creates a pseudo-population in which the exposure is independent of the measured confounders. In such a pseudo-population one can regress the outcome on the exposure using conventional regression techniques [16] . We use stabilized inverse probability weights as suggested by Xu et al. [17] who found that it's possible to preserve the sample size in the pseudopopulation close to the original data and produce a reasonable estimation of the variance of the main effect while maintaining an appropriate type I error rate. SWs are defined as SW= ð Þ = estimated propensity score and p = observed proportion of statin users. In order to limit the influence of extreme weights, the SWs were set to .10 for weights less than .10 and to 10 for weights greater than 10 [18] . For sensitivity, non-truncated weights were also generated as well as different thresholds for truncating.
Endpoint models
We use weighted Cox proportional hazard models with SWs to estimate the exposure effect of statins on CVD endpoints using robust standard errors. For each CVD endpoint we generate four separate Cox models. One model will be unweighted and adjusted for traditional cardiovascular risk factors (TRF), while the others will utilize SWs from different propensity model specifications. One specification does not include any cholesterol adjustment, one adjusts for observed cholesterol for those not on lipidlowering medications at baseline and imputed pre-treatment cholesterol for those on lipid-lowering medications at baseline. Additionally, a new-user design is also implemented where prevalent statin users are excluded and weights derived from the propensity of being a new-user of statins at exam 2. Multiple imputation techniques are used for the Cox models that use weights based on the imputed cholesterol. Kaplan-Meier plots were generated to illustrate the differences across weighting schemes and models.
Results
Participants who had non-missing CVD and covariate data were included (N = 6035) in the endpoint analysis.
The mean age of included participants was 62 years (range 45-84): 53% were women, 39% were Caucasian, 26% were African-American, 22% were Hispanic, and 13% were Chinese American. To be consistent with the RCT literature on statin effects, follow-up for the CHD analysis was truncated at 5-years. During this time period there were 119 incident hard CHD events and 190 incident hard CVD events. After excluding participants with missing covariate data there were 968 (16%) participants taking lipid lowering medication at baseline, of which 885 were taking a statin. As anticipated, participants taking statins had more adverse CVD risk factors at baseline and a higher burden of subclinical calcified atherosclerosis than those not taking statins ( Table 2) . Table 3 contains the parameter estimates for the imputation model. The model has an adjusted R 2 = 0.44. Based on this model 10 imputations of pre-treatment cholesterol were created for each participant in the baseline-user cohort. On average the imputed pretreatment total cholesterol was 39.1 mg/dL(SD = 34.2) higher than the measured post-treatment value. Imputation of pre-treatment high-density lipoprotein (HDL-c) demonstrated only a small treatment related shift. Rather than introduce the additional variability we used observed HDL-c values for the remainder of the analysis.
The propensity models were evaluated by comparing the balance of the covariates between statin users at baseline both before and after weighting. All the covariates after weighting were balanced as is shown in Table 2 for the first imputation. When comparing the baseline total cholesterol levels, new-users (n = 471) had a mean of 220.1 mg/dL. (sd = 35.4) and we estimated the pretreated total cholesterol levels for the prevalent-users (n = 888) as 224.0 mg/dL. (sd = 24.7). This suggested that once we account for statin therapy, the two groups are not greatly different in the level of dyslipidemia at baseline.
From a meta-analysis of 9 statin RCTs with over 47,000 subjects with and without prior clinical cardiovascular disease Cheung et al. [19] found that statins are associated with a reduced risk of CHD with an estimated relative risk ratio of 0.73 (95% confidence interval (CI): 0.70, 0.77). There was a relatively consistent protective trend in other meta-analyses of statin RCTs despite the varying demographics and different definitions of CVD endpoints. For example, Thavendiranathan et al. [20] used only CVD free participants from 7 trials (n = 42,848) and found the RR of major coronary events and revascularization to be 0.71. The Cholesterol Treatment Trialists' (CTT) Collaborators [21] looked at 27 randomized trials (n = 134,537) and observed a 0.79 reduction in major vascular events (non-fatal MI or coronary death), strokes, or coronary revascularizations. Kostis et al. [22] looked at 18 trials (n = 141,235) with sex-specific outcomes and various definitions of CVD endpoints and found women and men had similar statin effects at 0.81 and 0.77 respectively.
We analyzed the relationship between statin use and time to CVD endpoints using Cox proportional hazard models, which are summarized in Table 4 . In an unweighted model adjusted for TRFs statins appear to have little association with CVD risk, with a Hazard Ratio (HR) = 0.97, 95% CI: 0.60, 1.59. Using stabilized weights from a propensity model that did not include any cholesterol adjustment the HR was slightly more protective (HR = 0.92, 95% CI: 0.54-1.57) though still closer to the null than expected. The results using the new-user design showed a similar association (HR = 0.91, 95% CI: 0.45-1.80). When stabilized weights were used from a propensity model that included imputed pre-treatment cholesterol we found the HRs for statins to be protective of CHD with a HR = 0.74, 95% CI: 0.38, 1.42.. These results are consistent in direction and magnitude from what was found by Cheung [19] and others in the meta-analyses of statins.
There were between 4-8 participants that had their weights truncated for each of the 10 imputations using the < .1 and >10 thresholds. For sensitivity to truncating and chosen thresholds we also looked at using the nontruncated weights and various thresholds. We found that when using the non-truncated weights there was a shift in the HR from 0.74 to 0.59. The choice of thresholds affected the estimates less with HRs ranging from 0.64 to 0.74 with a range of 4 to 179 participants being truncated for the various thresholds. Figure 1 contains a plot of the hazard ratios for statins by endpoint for each of the imputations. The point estimates are consistent in sign and magnitude across the imputations and the within-imputation variability appears to be greater than the between imputation variability. In Figure 2 we illustrate the effects of the various weighting schemes with Kaplan-Meier plots [23] . The first imputation was used for illustration purposes when imputed values were used. This imputation was representative of the general pattern across imputations. The proportion free of incident CHD appears on the y-axis, with separate curves for statin users and non-users at baseline. In the unweighted version, statin users appear to be at increased risk of CHD. If one weights using traditional risk factors other than cholesterol or weights based on the new-user design then we observe a slightly protective effect of statins on CHD. When the weights are based on the imputed pre-treatment cholesterol there is a clear protective association of statin use on CHD consistent with previous RCTs.
Discussion
When studying the effects of medications in the setting of an observational study it is extremely important to reduce bias to the greatest extent possible. The assumption of no unmeasured confounders is essential to techniques such as propensity score reweighting. In the setting of observational cohort studies, this assumption is not satisfied if one intends to make use of the baseline data. A common technique to deal with this is the new-user design [2] . The new-user design has limitations and may not always be possible. For example, there will be a decrease in sample size and power and depending on the percentage of prevalent medication users this could prove problematic. In our new-user analysis our sample size decreased by over 1000 participants and 37 CVD events. This will pose an even larger problem when medications are more prevalent than what was observed for statins in MESA. To illustrate, in MESA nearly half the participants are prevalent anti-hypertensive medication users at baseline so excluding this subset would drastically cut sample size and power. Furthermore, the first exam in a longitudinal observational study is often more extensive and certain costly or exploratory measures may only be available at that exam. If the outcome of interest is only In this paper we have restricted attention to statin use at baseline as the exposure of interest. In the models for incident CVD we could have updated exposure status over time, however, this would have induced some complexity that is not central to the methods described here. That is, a second source of confounding known as time dependent confounding would have to be considered. In basic terms, this occurs when the exposure (e.g. statin use in our example) varies over time, and there is a biomarker (e.g. cholesterol) that is both a predictor of future exposure use (making it a confounder), and on the causal pathway between past exposure and outcome (making it a mediator). Simple adjustment for the biomarker at each time point handles the confounding, but adjusts out a large part of the medication effect. Traditional approaches to handling this problem include G-estimation and marginal structural models (MSM) [24, 25] . There is no reason in principal that the imputed pre-treatment cholesterol for baseline users could not be incorporated into the inverse probability of treatment weights at the baseline exam in an MSM if baseline medication users were to be included.
For this paper we have restricted our analysis to the continuous pre-treatment risk factor variable cholesterol. Further research will be necessary to address how the imputation and outcome models would be affected if the pre-treatment risk factor is categorical or binary.
Conclusions
In our examples we illustrated that traditional approaches to reducing indication bias such as standard propensity score weighting [5] and new-user designs [2] produced effect estimates for statins that were attenuated in terms of coronary heart disease risk. The imputation of pretreated cholesterol levels for participants on lipid-lowering medication at baseline in conjunction with a propensity score yielded estimates that were consistent with the metaanalysis literature and which appeared to be much more successful at mitigating the indication bias and the effects of unmeasured confounding. These techniques could be useful in any example where inclusion of participants exposed at baseline in the analysis is desirable, and Figure 2 Kaplan-Meier survival curves for hard CHD.
reasonable estimates of pre-exposure biomarker values can be estimated.
